Abstract-This study evaluated how spectral resolution of high-spatial resolution optical remote sensing data influences detailed mapping of urban land cover. A comprehensive regional spectral library and low altitude data from the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) were used to characterize the spectral properties of urban land cover. The Bhattacharyya distance was applied as a measure of spectral separability to determine a most suitable subset of 14 AVIRIS bands for urban mapping. We evaluated the performance of this spectral setting versus common multispectral sensors such as Ikonos by assessing classification accuracy for 26 urban land cover classes. Significant limitations for current multispectral sensors were identified, where the location and broadband character of the spectral bands only marginally resolved the complex spectral characteristics of the urban environment, especially for built surface types. However, the AVIRIS classification accuracy did not exceed 66.6% for 22 urban cover types, primarily due to spectral similarities of specific urban materials and high within-class variability.
areas with remote sensing [5] . There are several questions yet to be answered: What spectral properties are characteristic for urban materials and how can they be discriminated from one another? What are the most suitable sensor spectral configurations for accurately mapping the urban environment? What are the capabilities and limitations of current high-resolution spaceborne sensors in mapping urban areas in terms of spectral resolution?
A few studies have focused on the spectral properties of urban materials. Ben-Dor et al. [5] acquired an urban spectral library from 400-1100 nm and discussed the importance of different spectral regions in mapping urban areas. The work of Heiden et al. [6] , [8] and Hepner et al. [7] focused on the interpretation and analysis of urban spectral signatures. They found that spectra of urban built-up materials (e.g., roofs and roads) were best identified and separated by wavelength specific electronic and vibrational absorption features associated with mineral composition or other material properties.
In general, the spectral response from a land surface is strongly related to the sensor spatial resolution [9] . Several studies have reported problems in urban remote sensing due to limitations in spatial resolution [7] , [10] or have presented a possible solution based on spectral mixture analysis [11] . Other studies suggest a spatial resolution of finer than 5 m for accurate representation of urban land cover objects such as residential structures or urban vegetation patches [12] , [13] . Recently launched high spatial resolution spaceborne sensors such as the Ikonos camera (with 0.8-m panchromatic and 4-m multispectral resolution) and Quickbird (0.62-m panchromatic and 2.4-m multispectral resolution) meet this requirement and have the potential for more accurate and detailed mapping of urban land cover. The capabilities of these new satellite sensor systems are apparent in terms of their spatial and temporal resolution for urban area mapping. However, both spaceborne sensors are limited to four multispectral bands and may have specific spectral limitations in detailed urban area mapping.
The spectral resolution of a sensor can be characterized by the number of spectral bands, their bandwidths and locations along the spectrum. Spectral sensor resolution issues have been discussed since the early days of remote sensing, mainly due to the spectral limitations of sensors at that time. Recently, with continuous spectral coverage of hyperspectral sensors, interest has focused on band prioritization and/or selecting the most suitable wavelengths to map a specific environment [14] . Price [9] , [15] , for example, analyzed 45 AVIRIS scenes across a diversity of environments to determine the most important spectral bands for earth observation. He found that six AVIRIS bands described 99% of the spectral variability in all datasets, and that 20 bands described 99.9%. The band with the most spectral weight (at 1000 nm) is not currently available on an earth observation system, except for the experimental Hyperion sensor. However, the areas he investigated predominantly consisted of natural and quasi-natural nonurban landscapes. Price [15] attributed some of the variance undescribed by his optimal bands to urban or man-made features (e.g., roofs) and suggested that more or different bands would be required to spectrally assess these surface types. Initial studies have confirmed that hyperspectral data provide extensive spectral information that can discriminate urban materials on a very detailed level [5] , [10] , [16] .
Large data volume and high correlation among spectral bands have been considered general problems in the analysis of hyperspectral data. Most image classification techniques require a reduction of spectral dimensions to a prioritized set of spectral bands that are sufficient for the application [14] , [15] , [17] . Different methods have been used for optimal band selection including principal component analysis (PCA), class separability measures and band correlation measures [9] , [17] . Recently, the Bhattacharyya distance (B-distance) was proposed as a useful measure of separability [17] , [18] . The B-distance is defined as [19] Ln where and are the mean vector and the covariance matrix of class , respectively. The B-distance is a sum where part one represents the mean difference component and part two the covariance difference component. Advantages of the B-distance include its close relationship to the probability of accurate classification [19] and its unlimited dynamic range is suitable for high-dimensional datasets. A general problem results from having no defined thresholds in terms of class separability. However, this measure can be used to assess separability of land cover classes and to prioritize bands that contribute most to spectral discrimination among the land cover classes of interest [14] .
This study aimed for a better understanding of urban surface properties, their spectral representation, and the abilities of hyperspectral and recent high-resolution spaceborne remote sensing systems to map urban areas. This investigation identified the most suitable spectral bands for mapping the urban environment using a regional spectral library of field spectra and a local high-resolution AVIRIS dataset. Optimal bands, determined using the B-distance, were used to map urban land cover from AVIRIS data at a detailed level including 26 classes. To evaluate capabilities and limitations of multispectral systems and to suggest spectral improvements, AVIRIS results were compared to classifications generated from Ikonos and Landsat Thematic Mapper (TM), synthesized from AVIRIS. This study focused on the spectral component of image analysis. Other, higher order analysis factors such as spatial (e.g., texture), temporal (multiseasonal) or geometric (e.g., multiangle) information were not considered within the methodological framework of this study.
II. DATA AND METHODOLOGY

A. Study Area and Land Cover Characteristics
This study focused on a specific region in the urban area of Santa Barbara/Goleta, CA. This area is located 170 km northwest of Los Angeles in the foothills of the California Coast Ranges. The study area is characterized by a mixture of urban land cover types and surface materials including various categories of roof and road types of different age and condition.
A 4 2.5 km image subset of low topography was chosen for the specific analysis. The area was selected based on data availability and the representation of different man-made and quasi-natural land cover types. The western section is characterized by quasi-natural landscapes including agriculture, grasslands, shrublands, riparian areas and a lake. The central part of the image consists of single-family housing in a high-density residential area with different roof and road types, commercial and educational areas, and industrial land use in the southern central area. The eastern part is dominated by residential areas, including some multifamily housing complexes, as well as an area of downtown Goleta that represents an additional mix of urban materials. Development in the area occurred over several decades and therefore includes the many urban materials that have evolved in that time frame. This factor also contributes to the great spectral complexity of the area because spectral characteristics of materials can change over time.
Various classification levels were considered in this study as shown in Table I . Levels I and II represent functional categories and the main land cover classes based on the Anderson classification system [20] . Levels III and IV represent more detailed classifications of the urban environment. The thematic discrimination was based on the surface material (Level III) and color (Level IV). The class "red sport tartan" represents parts of sports facilities that usually appear next to tennis courts or running tracks in sports stadiums. Overall, 26 different land cover classes were considered in the analysis including four nonurban cover types (vegetation, bare soil, and water) and 22 urban categories (Table I) .
B. Remote Sensing Data
This study used AVIRIS data acquired on June 9, 2000. The data were acquired at a spatial resolution of approximately 4 m, which is similar to current high spatial resolution spaceborne systems like Ikonos. They meet the generally proposed spatial resolution standard of less than 5 m for detailed urban area mapping [11] , and the high spectral resolution allows for comparative analysis in urban land cover mapping. The AVIRIS sensor acquires 224 individual bands with a nominal bandwidth of 8-11 nm, covering a spectral range from 370-2510 nm [21] .
The data were processed by the Jet Propulsion Laboratory (JPL) and the University of California, Santa Barbara (UCSB) for motion compensation and reduction of geometric distortions due to topography. The data were further georectified to match current digital databases of the study region. For this study, radiometrically corrected/georectified AVIRIS data were processed to apparent surface reflectance using modified Modtran radiative transfer code [22] , [23] , and further adjusted using a [24] . Due to atmospheric contamination, the number of AVIRIS bands was reduced to 180, with the bands 1-7, 105-119, 152-169, 221-224 excluded from the analysis.
Multispectral bands of two common spaceborne systems, Ikonos and Landsat, were convolved from the AVIRIS data to investigate their abilities in urban mapping. This step used sensor specific spectral filter functions, available from the satellite providers, that were aggregated to AVIRIS wavelengths ( 10-nm bandwidth). Fig. 1 shows the spectral response function for four multispectral Ikonos bands and six multispectral Landsat TM bands (bands 1-5 and 7). The functions are presented in values of normalized transmittance, indicating the contribution of each individual AVIRIS band to a specific multispectral sensor band. This information was used to synthesize Ikonos and Landsat TM data by summing the product between the normalized filter and any spectrum (pixel) from the AVIRIS scene, so all three datasets represent the exact same location, geometry, and spatial resolution.
C. Acquisition of ASD Urban Spectral Library
Field spectra were acquired with an Analytical Spectral Devices (ASD) Full Range (FR) spectrometer (Analytical Spectral Devices, Boulder, CO) on loan from JPL. The spectrometer samples a spectral range of 350-2500 nm. The instrument uses three detectors spanning the visible and near-infrared (VNIR) and shortwave infrared (SWIR1 and SWIR2). A fiber-optic cable transmits light from the aperture to the spectrometer. Both the bare fiber, with a field of view of 22 , and an 8 field of view foreoptic lens were used to acquire field spectra. More than 6000 spectra, including urban materials (e.g., various roof types and road materials) and nonurban surface types (e.g., green vegetation, nonphotosynthetic vegetation, and bare soil), were measured in the Santa Barbara urban area between May 23 and June 5, 2001 . Spectra were acquired in sets of five for each field target. Four to six sets of spectra were bracketed by measurements of a Spectralon reflectance standard. Spectra were inspected for quality, and suspect observations were discarded. For this study, the spectral library was convolved to match the 224 AVIRIS bands based on the band center and the full width half maximum.
A small subset of spectra from the Santa Barbara spectral library is shown in Fig. 2 . The graph represents the complex spectral characteristics of urban areas that makes urban remote sensing a challenging task. The urban cover types contain spectral signatures with large dynamic ranges, with a general increase in reflectance toward longer wavelengths. However, the shape of the reflectance increase varies for different urban targets. Small-scale spectral variations appear for several cover types representing the color (visible region) and absorption features due to material composition (SWIR region). Wood shingle roofs show ligno-cellulose absorption features in the SWIR typical of nonphotosynthetic vegetation surfaces. Some urban cover types, in particular specific road and roof types, have near constant, low reflectance, no significant broad absorption features and only minor differences in object brightness. Nonurban targets like vegetation and bare soil have well-established spectral properties with bare soil having the most similar reflectance to some urban cover types.
D. Database for Classification Accuracy Assessment
This study required a comprehensive ground truth database for classification training and accuracy assessment. This database was developed from ground mapping and low altitude photography, which was digitally compiled and processed. Critical issues for statistically robust accuracy assessment are the source and accuracy of reference information, the sampling size (i.e., how many sample points are necessary for each class), and the spatial sampling methods and units. These issues have been widely discussed in the related literature [25] , [26] . In the complex urban environment, the number of individual classes is large, e.g., in this study 26, as are the intraclass spectral variances. At 4-m spatial resolution, most urban land cover objects such as buildings or roads cover small areas which are only represented by a few adjacent pixels. The edges or boundaries between individual land cover objects are fairly sharp, and it is usually easy to locate and assign a specific pixel to a land cover class.
Given these characteristics and the previous experiences described in the literature, a reference database for accuracy assessment was compiled based on the following assumptions.
• A large number of land cover classes and the expected low accuracy require a large number of samples per class, i.e., 100 individual samples.
• Ground mapping must focus on the acquisition and mapping of polygons representing individual land cover objects.
• Spatial random sampling is a statistically robust method but would not provide a comprehensive representation of all individual land cover classes. Accordingly, different spatial sampling methods should be used and explored for the ground mapping.
• The samples for accuracy assessment should be based on individual pixels rather than polygons to provide statistically independent points. The ground mapping was based on three different spatial sampling schemes: spatial random sampling, and two systematic methods including neighborhood sampling and class-specific sampling. Spatial random sampling was applied by mapping roof types using a digital building footprint database. Analysis of the spatial random mapping results using 100 roofs showed that specific classes were underrepresented, especially for uncommon cover types. Furthermore, some sampled buildings were not accessible for mapping, e.g., on private property or buildings that were too small or no longer existed. Neighborhood sampling was applied to specific representative areas where every single roof and other surface types were mapped to better represent the variety of land cover classes in the study site. Neighborhood sampling provided the fastest mapping method used in this study but represents a systematic approach that requires a priori knowledge about the sampling area and the results depend on the location and size of the mapping area. Finally, class-specific sampling was applied to derive additional sites that were not adequately sampled with the previous methods.
The three sampling schemes allowed a comprehensive database to be acquired that was digitally processed to support the image classification and data analysis (e.g., more than 350 individual roofs were mapped representing 10% of all roofs in the study area). For accuracy assessment, a spatial random sampling within the mapped polygons (stratified cluster sampling) was applied to derive 100 individual and statistically independent pixels for each land cover type to evaluate the classification performance. For one class, red sport tartan, only 73 pixels were available due to the small number of mapped sites.
E. Data Analysis and Image Classification
The methods used for data analysis included measures of spectral separability to determine the most suitable spectral bands for discriminating urban land cover types from the spectral library and the AVIRIS data, and for comparative image classification with different sensor spectral resolutions. All methodological analysis steps were applied using the public domain program "Multispec." This program was designed for the processing and analysis of hyperdimensional spectral datasets and contains procedures for the analysis of class separability and selection of most suitable spectral bands based on the B-distance and image classification [27] .
The B-distance calculation considers the spectral information over the entire range (VIS-NIR-SWIR) and provides a separability score between each land cover class for a given set of spectral bands. This information can be used to identify the spectral bands that contribute the largest amount of spectral separation of these classes. The results can be aggregated to provide a set of most suitable bands based on best average and best minimum separability for the investigated categories. The B-distance calculation for the AVIRIS data were based on the 26 land cover classes presented in Table I . The most suitable bands from the spectral library were based on 108 different material types represented by over 4400 individual spectra.
The top score for best overall separability considers all possible band combinations and provides the maximum average B-distance score with the related set of most suitable wavelengths. The set of bands for best minimum separation is based on the best minimum B-distance value over all classes. The maximum number of bands available for each combination is limited by the lowest number of individual target spectra or training pixels. Given the limited number of individual spectra for specific cover types, there is a tradeoff between the exclusion of targets represented by a few number of spectral measurements and the maximum number of bands that can be considered in the analysis. In this study, the number of bands was limited to nine bands for best average and seven bands for best minimum separability for each dataset (spectral library and AVIRIS data).
To provide a more robust assessment of the most suitable bands the investigation considered the top 20 band combinations for best average and minimum separability. The resulting sets of bands were very similar for all top ranked combinations, hence usually only one or two bands differ between adjacently ranked sets of most suitable bands. The frequency of appearance of a band was considered a score for the importance of the band in land cover separation and can reach a maximum of 20 for either best average or best minimum separability.
Image classification was performed using a standard Maximum Likelihood classification technique implemented in "Multispec." The training areas were selected from the ground mapping database. The reference data for accuracy assessment were derived from the digital database (described in Section II-D) allowing for a statistically robust evaluation of the classification performance. The classification was performed for Ikonos and Landsat TM (convolved from AVIRIS) and from different sets of AVIRIS channels determined to be the most suitable bands for mapping urban land cover types. Accuracy assessment was used to evaluate the effects of spectral sensor resolution on mapping urban areas from high-resolution optical remote sensing data.
A more detailed analysis of the spectral limitations of Ikonos bands and possible improvements was performed by including particular optimal bands and recalculating the B-distance as a measure of separability. The investigations should represent the improvements in minimum separability for each of the 26 land cover classes by adding each AVIRIS band individually to the convolved bands of Ikonos and recalculating the B-distance. The results can be considered "spectra of improved separability" after subtracting the two B-distance values for every land cover class and each AVIRIS channel.
III. MOST SUITABLE SPECTRAL BANDS IN SEPARATING URBAN LAND COVER TYPES
The most suitable wavelengths derived from B-distance separability analysis are shown in Fig. 3 . The graph shows how often each spectral band is a member of the top 20 combinations of nine bands for best average separability and of seven bands for best minimum separability for each data source. In theory, a band can have a maximum frequency of 80 as it can appear in all of the top average and minimum channel combinations for the spectral library and the AVIRIS data. In Fig. 3 , some bands have scores from 20 to 41 representing very important spectral bands in the spectral library, the AVIRIS data, or both. Some of the bands have a frequency of one. Most of these scores appear in a number of adjacent bands (e.g., in the visible region, at 1500 and 1700 nm) and represent an important "most suitable spectral region" without prioritization of a particular band. In the selection of the most suitable bands we considered the frequency score and whether the specific wavelength appears for both data sources (spectral library and AVIRIS) or for just one of them.
In general, suitable bands appeared in all parts of the spectrum. There are several bands in the visible region, a few in the NIR and several in the SWIR with a frequency of 20 or higher. The most important bands are marked with arrows in Fig. 3 . The bands with bold arrows represent bands with a score of 20 or higher and are confirmed by the results from both the AVIRIS data and the spectral library. This confirmation is based on bands from each data source with a score of at least 20 spaced very close to each other or within an important spectral region confirmed by the spectral library but is located within a CO atmospheric absorption feature. This feature is slightly visible in the spectral signatures of the library and causes artifacts that do not represent material properties. However, this spectral region might still contribute important spectral contrast and was considered in the further analysis with careful treatment. Overall, the interpretations of Fig. 3 resulted in identifying 14 important individual spectral bands, seven of which can be considered particularly important, that were considered as the most suitable AVIRIS channels in the following investigations.
The distribution of the most suitable bands represents the spectral characteristics and variety of the land cover types found in this urban environment. There are several important bands in the visible region representing the diversity of color in urban land cover types. These bands are very close to each other emphasizing the important small-scale spectral variations between targets. There are four more bands in each of the VNIR and SWIR. These bands represent the spectral contrast in the region that relates to an increase in object brightness at longer wavelengths, characteristic of most urban targets. There are also specific absorption features due to material composition of different surface types that are represented in the most suitable bands, particularly in the SWIR region. Fig. 3 also provides a comparison between the locations of the most suitable bands and the spectral coverage of the Ikonos camera and Landsat TM. The comparison shows that most of the suitable bands lie outside or near the boundaries of the spectral range of these sensors.
IV. SPECTRAL RESOLUTION IN URBAN LAND COVER CLASSIFICATION
This section presents and discusses the classification results using the data analysis approach described in Section II. Based on the assumptions outlined in Section III we compared image classification results given different spectral sensor resolutions to explore current sensor systems capabilities and limitations and to define "optimal" sensor settings for detailed mapping of the urban environment. This section starts with the AVIRIS classification results using the most suitable set of spectral bands to show general capabilities and problems in detailed urban land cover mapping. Subsequently, we vary the spectral resolution used in image classification to elaborate on limitations in urban land cover mapping as a function of specific sensor characteristics. 
A. AVIRIS Urban Land Cover Classification
The AVIRIS image classification utilized the set of 14 most suitable bands identified in Section III to derive 26 different land cover classes (Fig. 4) . Most of the land cover classes appear as land cover objects comprised of several homogenously classified pixels. Vegetation patches, major roads and different urban land cover types are clearly identifiable in the classified image. Areas with a homogenous distribution of wood shingle roofs, dark gray composite shingle roofs and red tile roofs are accurately mapped in the upper right quadrant of the study area. The left part of Fig. 4 has a high-density residential area that shows very heterogeneous distribution of roof types. The industrial area in lower left is characterized by an increasing amount of bare soil cover.
These classification results show some inaccuracies as shown in the error matrix (Table II) . The overall accuracy of the training sites was 98.6%, supporting the sophisticated training of the maximum likelihood classification. The overall accuracy using all reference pixels was 73.5% as mean increasing to 82.0% when weighted by class area. The difference is due to the high classification accuracy of large area classes such as green and nonphotosynthetic vegetation. The accuracy considering only the 22 urban classes (excluded are green vegetation, nonphotosynthetic vegetation, bare soil, and water; swimming pools are included) was determined to be 66.6%. Therefore, the nonurban classes can be mapped more accurately than the more complex urban classes. The Kappa of 72.5% represents the general precision that can be expected in mapping urban land cover on a very detailed level.
Some classes have particularly low accuracies. In terms of producer's accuracy, or general classification performance, accuracy levels of 40% to 70% were found for specific roof types including all types of composite shingle roofs, metal, asphalt, and red gravel roofs, and dark asphalt roads and parking lots. Low user's accuracies were also found for gray composite shingle, light gray metal, red tile, and gray-brown tile roofs and light asphalt roads. These classes were overmapped. Composite shingle roofs were most confused with composite shingle roofs of a different color, gray-brown tile roofs, and asphalt roads, which were commonly confused with light gray composite shingle roofs. A very poorly mapped category was gray-brown tile roof. This class was significantly overmapped due to confusion with several other roof types and asphalt roads, highlighting a typical problem in detailed urban mapping. For example, this class incorporates a fair number of gray/brown colored tile materials that vary with production company. Different roof conditions, age, and roof geometry further increase the within-class variability, contributing to the spectral complexity of the urban environment. The spectral signature of gray-brown tile roofs is similar to a fair number of other urban cover types, e.g., asphalt roads and composite shingle roofs (see Fig. 2 ). These classes do not clearly separate on the material scale. The interclass spectral contrast mainly results from object brightness. The gray-brown tile roofs have high within-class variability and are spectrally indistinct, resulting in low classification accuracy. This effect applies to several urban land cover classes with insufficient accuracy, e.g., composite shingle roofs, asphalt roads and light metal roofs. Even classes that have a very distinct spectral signature and are mapped with high producer's accuracy, such as red tile roofs (92%), can be significantly overmapped (user's accuracy) due to the large within-class variability.
B. Land Cover Classification With Varying Spectral Resolution
The land cover classification approach described above was repeated with the same training and test data sets for different settings of sensor spectral resolution. First, we evaluated the classification results for convolved Ikonos and Landsat TM versus AVIRIS (Table III) . This table shows the improvement in mapping accuracy with increasing spectral resolution. The differences between Ikonos and AVIRIS accuracy ranges from 12 for the mean overall accuracy and Kappa to 15 for the area weighted accuracy and nearly 30% for the 22 urban classes. The improvements for built-up class mapping clearly confirm the limitations of Ikonos in detailed separation of urban land cover. Landsat TM data provided intermediate accuracies but showed the importance of having the SWIR bands (e.g., the improvements in classifying the urban cover types was more than 16% compared to Ikonos). Fig. 5 compares producer's and user's accuracies obtained from each sensor for the individual land cover classes. The plots show that some classes have similar accuracies for all three sensors; hence there is no improvement by increasing the spectral resolution. Examples include green vegetation, water, and swimming pools. Nonurban classes, nonphotosynthetic vegetation and bare soil have a significantly higher accuracy for Ikonos and TM (producer's and user's) compared to urban classes using these sensors. AVIRIS provided only a slight improvement for these classes. Transportation areas were fairly similar in producer's accuracy except for light asphalt roads and railway tracks that were overmapped, especially in the AVIRIS data. In terms of user's accuracy, all transportation surfaces showed significant improvements as the spectral resolution of the sensor improved. Accordingly, a higher spectral resolution than Landsat TM should be preferred for detailed mapping of the transportation infrastructure.
Accuracy differences in roof type mapping were large with most roof classes showing significant improvements in producer's and user's accuracy with higher spectral resolution. Specific categories indicated more accurate classification between Ikonos and Landsat or between Landsat and AVIRIS, e.g., wood shingle roofs were already mapped accurately with Landsat and more spectral information would not be necessary. However, for most of the roof types the accuracy increased from Ikonos to TM and again from TM to AVIRIS. Examples included brown metal roofs, tar roofs, and gray brown tile roofs that showed significant classification improvements, and all types of composite shingle roofs. These roofs all have fairly low, near constant reflectance (see Fig. 2 ). The increasing number of bands better separated the cover types based on brightness and partly on small-scale absorption features that can be resolved in the AVIRIS data. However, Fig. 5 again shows some classes, in particular low reflectance targets that lack significant broad absorption features, with fairly low accuracy even in AVIRIS-based classification. Although a higher spectral resolution improves mapping accuracy, their classification accuracy is still insufficient, as discussed in Section IV-A. The difference in spectral resolution between the satellite sensors and the "optimal 14 band" AVIRIS configuration is related to two major issues. First, Ikonos and Landsat are broadband systems, while AVIRIS is not. Second, the sensors cover different spectral regions, e.g., the most suitable 14 bands are mostly located near the edge or outside the spectral coverage of these sensors (Fig. 3) . To further elaborate on this issue and to test different configurations for an "urban mapping sensor" the land cover classification was performed for additional spectral resolution settings (Fig. 6) . The graph shows the improvement in classification accuracy for three spectral sensor settings compared to the original Ikonos classification. These sensor configurations include the "optimal 5 VIS bands" representing the most suitable spectral bands in the visible and near-infrared that were derived in Section III at 498 nm (AVIRIS channel 14), 538 nm (AVIRIS channel 18), 580 nm (AVIRIS channel 22), 640 nm (AVIRIS channel 28), and 740 nm (AVIRIS channel 41). These bands generally cover a similar spectral region as Ikonos but represent narrower, more suitable bands for urban mapping. The second sensor configuration " Ikonos 2 optimal SWIR" uses the Ikonos bands plus two additional bands in the SWIR determined in Section III as most suitable (at 1710 nm-AVIRIS channel 143 and 2330 nm-AVIRIS channel 207). This configuration highlights the importance of including the most suitable SWIR bands for improved accuracy. The third setting "optimal 14" represents the 14 most suitable wavelengths used for the AVIRIS classification. This configuration provides the highest spectral resolution and the highest accuracy and has already been discussed in the previous sections.
The results in Fig. 6 show no improvements in sensor configuration for classes that are already well mapped by Ikonos like green vegetation, water and swimming pools. As expected, improvements are the highest for the "optimal 14" bands sensor configuration that correspond to the changes in accuracy presented in Fig. 5 . By replacing the four broadband Ikonos channels with more suitable narrow bands ("Optimal 5 VIS bands"), there are significant improvements for nearly all roof types.
The enhancements are obvious in both producer's and user's accuracies for three types of composite shingle roofs, all tile, red gravel, tar, asphalt, and brown metal roofs. Either producer's or user's accuracy improves for tan composite shingle and gray metal roofs. The classification improves with the new configurations for bare soil and nonphotosynthetic vegetation. Additionally, transportation surfaces are more accurately mapped in terms of producer's accuracy for both types of asphalt roads and for all related classes in user's accuracy. The results clearly show the importance of having a system that can resolve small-scale spectral variations in the visible and near-infrared region due to color and the physical and chemical material properties of urban land cover classes.
Comparing the improvements of the "Optimal 5 VIS bands" and "Ikonos 2 optimal SWIR bands," the producer's accuracy is higher for nearly all classes from the "Ikonos 2 optimal SWIR bands." For the user's accuracy, the results are more mixed but the majority of classes show more improvement for the second sensor configuration (Ikonos 2 optimal SWIR bands). Examples include nonphotosynthetic vegetation, bare soil, all transportation cover types and several roof types. Wood shingle roofs show no improvements without the SWIR (see Fig. 2 ). The brown metal and red tile roof classes are clas- sified most accurately by the most suitable VIS/NIR bands indicating that a higher spectral resolution does not necessarily determine higher classification accuracy for all classes. However, considering the results presented here two suitable SWIR bands (in addition to the Ikonos channels) should be preferred to a narrowband VIS-NIR system with an optimized set of channels like the "Optimal 5 VIS bands" configuration. This finding is supported by Fig. 7 , which shows the spectra of improved separability measured by the B-distance (see Section II-E). The diagram shows that the best additional spectral separability of these cover types is found in the NIR and SWIR spectral regions not covered in Ikonos. Two main factors contribute to this observation. First, most urban land cover types show increased reflectance toward longer wavelengths that varies in terms of total reflectance change and the related spectral shape (e.g., convex or concave). The result is high spectral contrast in this region for the discrimination of those classes. Second, some of the urban targets have distinct absorption features in the SWIR region that are observed in the narrow AVIRIS bands, allowing a better separation and classification accuracy. Fig. 7 again shows the limitations resulting from the broadband character of the Ikonos channels that cannot resolve small-scale features in VIS/NIR. All classes shown in Fig. 7 indicate small improvement peaks in the VIS/NIR and SWIR region that correspond to important small-scale spectral features. The most suitable AVIRIS bands represent these features well, suggesting that a well selected set of optimal narrow bands provides the most useful data source for mapping the urban environment.
V. CONCLUSION
This study investigated several issues concerning sensor spectral resolution in urban land cover mapping from high-spectral resolution remote sensing data. The analyses were based on a comprehensive regional spectral library, low altitude AVIRIS data in 4-m spatial resolution, and an extensive ground reference database for accuracy assessment and evaluation of the results.
A set of 14 optimal bands was derived for mapping the urban environment from the spectral library and the AVIRIS data. Most of these bands are located outside or near the edge of the spectral coverage of common satellite systems like Ikonos or Landsat TM. The expected spectral limitations of these systems were confirmed by the classification results. The difference between overall classification accuracy of urban classes was nearly 30% between Ikonos and AVIRIS and 13 between Landsat and AVIRIS with distinct differences for individual classes. Green vegetation, water and swimming pools were correctly mapped with Ikonos and there was no improvement with higher spectral resolution data. The classification accuracy of bare soil, nonphotosynthetic vegetation and wood shingle roofs significantly increased for the Landsat configuration with no significant enhancement in AVIRIS-based results. For detailed mapping of different roof types and transportation infrastructure the AVIRIS sensor (represented by the 14 most suitable bands) clearly produced the best results. A more detailed evaluation of the Ikonos limitations showed improved mapping capability if the four broadband Ikonos channels were replaced by five narrow bands at more suitable wavelengths in the same spectral region. A classification considering the Ikonos bands plus two additional SWIR bands resulted in further improvement in map accuracy compared to maps generated using five narrow bands in the VIS/NIR region.
The importance of narrowband spectral information and the shortwave regions can be related to the spectral characteristics of urban land cover types. Most urban land cover types showed an increase in reflectance toward longer wavelengths that varied in terms of absolute reflectance change and the related spectral shape. Many urban targets have distinct small absorption features in all parts the spectrum. These features are important for land cover type separability and should be included to obtain higher classification accuracy. The unique spectral characteristics of the urban environment and the related required spectral resolutions can be provided by AVIRIS but not by common multispectral remote sensing systems.
The AVIRIS land cover classification of 26 different urban land cover classes illustrated general limitations in mapping the urban environment even using hyperspectral optical remote sensing data. Certain land cover types have very similar spectral characteristics. Some classes have a constant low reflectance over the whole spectral range with no or only minor distinct absorption features such as gray/brown tile, gray composite shingle and dark gray tar roofs, asphalt roads and parking lots. Considering the high spectral within-class variability due to roof geometry, condition, and age, their separability and classification accuracy was low, reaching only 66.6% for the 22 urban categories. However, this study produced a very detailed level of classification and applied only a pixel-based Maximum Likelihood classification algorithm on a purely spectral basis. Object-oriented or other classification techniques as well as spatial, textural or contextual information might provide a further significant improvement of map accuracy and help to overcome spectral similarities between specific classes. These approaches, when combined with spectral analysis presented in this study, provide a very interesting avenue for future research for more detailed and accurate urban mapping.
